37 Biomarker development is currently a high priority in neurodevelopmental disorder research. For 38 many types of biomarkers (particularly biomarkers of diagnosis), reliability over short time periods is 39 critically important. In the field of autism spectrum disorder (ASD), resting electroencephalography 40 (EEG) power spectral densities (PSD) are well-studied for their potential as biomarkers. Classically, 41 such data have been decomposed into pre-specified frequency bands (e.g., delta, theta, alpha, beta, 42 and gamma). Recent technical advances, such as the Fitting Oscillations and One-Over-F (FOOOF)  43 algorithm, allow for targeted characterization of the features that naturally emerge within an EEG 44 PSD, permitting a more detailed characterization of the frequency band-agnostic shape of each 45
Introduction
This is a provisional file, not the final typeset article Notably, traditional methods of characterizing the PSD rely on measuring power within a particular 114 frequency band, which conflates important aspects of underlying EEG activity. First, the EEG PSD 115 typically contains a series of periodic oscillations atop an aperiodic background activity in which the 116 power decreases as frequency (f) increases, leading to a consistent 1/f α distribution to the PSD, with 117 the exponent α determining the slope of this background activity. This aperiodic activity, and the 118 offset thereof, may reflect crucial mechanistic underpinnings of brain activity, 14 such as tonic 119 excitation/inhibition balance or total spiking activity of underlying neural populations respectively. 15 120
The influence of this background activity on the measurement of oscillatory activity is partially 121 (though not completely) eliminated using techniques such as normalization or log transform of the 122 PSD. Second, a priori assumptions about the frequency bands wherein oscillations occur may 123 actually compromise accurate measurement and fail to capture meaningful variation of these 124 oscillations. For example, averaging power in the predefined alpha range (e.g., 8-13 Hz) removes 125 information about the peak alpha frequency in a given individual; however, the exact location of this 126 alpha peak is well known to change with age and cognitive status 16, 17 and can even occur outside of 127 the 8-13 Hz range. Because oscillations rarely span the exact range specified in a frequency band, 128 their activity can be inadvertently included in neighboring frequency bands if they are wide or 129
shifted. Finally, in cases where a periodic oscillation has a narrow bandwidth or is nonexistent a 130 prespecified frequency band, measurement of activity in that band will predominantly reflect 131 aperiodic activity. For these reasons, it is useful to characterize the EEG as a unique profile, with 132 parameterization informed by the shape of each individual's PSD rather than piecemeal averages 133 across distinct frequency bands. 134 135
As of October 2019 ClinicalTrials.gov reported 315 currently recruiting studies collecting EEG data 136 and of those 102 were recruiting pediatric populations. Given the extent of this ongoing research, 137
addressing how best to characterize the profile of the EEG PSD and determine its reliability and 138 stability over time, particularly in clinical and developmental populations, is both important and 139 timely. Such work forms an important foundation on which to base future research, and provides 140 critical information to contextualize current findings. 141 142
In this study we therefore explore the test-retest reliability of the profile of the EEG PSD in children 143
with ASD and typical development (TD) over EEG recordings conducted within a short (~6 day) 144 time-span. We applied two approaches to characterizing the profile of the PSD: (1) parametric 145 model-based decomposition of the PSD into offset, slope, and oscillatory peaks using the Fitting 146
Oscillations and One-Over-F (FOOOF) algorithm 15 ; and (2) nonparametric functional data analysis, 147
which identifies a small set of principal component functions that combine to describe the shape of 148 the We hypothesized that these complementary approaches would exhibit high levels of short-term 149 test-retest reliability. In this way, we demonstrate the utility of resting EEG PSD shape, and some 150 specific parameters thereof, as stable biomarkers of cortical activity over short time windows. 151 152
Materials and Methods 153
These data were collected as part of the ongoing Autism Biomarkers Consortium for Clinical Trials 154 (ABC-CT; www.asdbiomarkers.org). 18 The objective of the ABC-CT is to evaluate a set of 155 electrophysiological (EEG), eye-tracking, and behavioral measures for use in clinical trials for ASD. 156
The ABC-CT began with a "Feasibility Study Visit," which included the participants described 157 below and involved two EEGs separated by a short window of time (median 6 days) as described 158
below. The ABC-CT then moved on to the "Main Study Visits," which included a larger number of 159 participants, with EEGs separated by longer windows of time (6 weeks, and then 6 months). Only 160 the data from the "Feasibility Study" is included here, as the focus of this manuscript is on the 161
shorter-term test-retest reliability of the EEG PSD; this type of information (two EEGs separated by a 162 few days) was not collected in the "Main Study." This study was carried out in accordance with the  163  recommendations of the central Institutional Review Board at Yale University, with written informed  164  consent from a parent or legal guardian and assent from each child prior to their participation in the  165  study.  166  167 Participants: 168 51 participants (25 with ASD, 26 with TD), aged 4 to 11 years, were enrolled in the feasibility phase 169 of the ABC-CT; group characteristics are presented in Table 1 . Groups differed significantly on age 170 (t(45) = 2.3, p = .025) and IQ (t(45) = 4.6, p <.001) The "Feasibility Study Visit" consisted of two 171
EEGs on two separate days (termed here "Day 1" and "Day 2"), separated by a short window of time purchased from Shutterstock, which were presented to the participant in random order in 3 blocks of 183 1 minute on each day. 25 The videos were played forward for 15 seconds and then reversed for the 184 following 15 seconds. To allow for counterbalancing of the methods used in the ABC-CT (Eye 185
Tracking and EEG), at screening, participants were stratified based on variables that could be 186 assessed by phone to include group (ASD/TD), biological sex (male/female), age (split at 8 years 6 187 months), and cognitive ability (ASD only, assessed in person by a trained clinician at first visit interpolation of bad channels, and re-referencing to average. Data were then segmented into two 220 second segments, and the PSD was calculated via multitaper spectral analysis 30,31 using three tapers. 221
The PSD was estimated for each participant and electrode by averaging the PSDs of artifact free 222 segments. Scalp-wide spectral densities were obtained by averaging spectral densities across the 18 223 electrodes for each subject on each day. 224 225
Parametric Decomposition of Periodic and Aperiodic Activity: 226
In order to characterize periodic and aperiodic features of the PSD profile, we used the Fitting 227
Oscillations and One-Over-F (FOOOF) algorithm. 15 The algorithm operates by removing an 228 aperiodic slope ( Figure 1 ) from the absolute PSD in the semilog-power space (linear frequencies and 229 logged power), which is fully characterized by offset and slope terms. After removing the aperiodic 230 component, the spectral density contains periodic oscillatory peaks that are modeled as a finite sum 231 of Gaussians. Each Gaussian peak is defined by its amplitude, center frequency, and bandwidth. 232
Thus, the PSD profile, including both the aperiodic background and periodic oscillations, can be fully 233 parameterized by the following parameters: offset, slope, number of peaks (Gaussians), and the 234 center frequency, amplitude, and bandwidth for each peak. These scalar features are then available 235 for analysis across recording sessions using standard statistical techniques. The FOOOF model 236 parameters were chosen by visually inspecting model fit across a range of parameters, blind to 237 participant group and recording session, and selecting those which best captured oscillatory peaks 238 across all of the recordings. A single parameter set was selected for all recordings, Specifically, the 239 peak bandwidth of oscillatory peaks ranged between 1 and 10 Hz, and the minimum peak height (to 240 be included in the fit) was 1.85 standard deviations above the aperiodic background activity. 241 242
Since the number of total peaks identified on each spectral density varied across subjects and days, 243
for comparison purposes across consecutive days we first considered the agreement of the location 244 (in terms of frequency band, i. For comparison of the largest peak features (center frequency, amplitude, and bandwidth), we then 247 considered the largest peak in the entire alpha band for stability of results and ease of comparison 248 between diagnostic groups. This allowed characterization of each scalp-wide spectral density by six 249
FOOOF parameters: offset, slope, number of peaks, and (for the largest peak in the alpha range) 250 center frequency, amplitude, and bandwidth. The agreement of these six FOOOF parameters across 251 the two days for each diagnostic group was evaluated using the intraclass correlation coefficient (the 252 ratio of between person variance to total variance) (ICC). 32 Age, sex, and IQ for study participants is in Table 1 . 277 278
The power spectrum of each individual on day 1 and day 2 is plotted in Figure 2 . Within participant 279
PSD shapes exhibit striking visual similarity across separate recording sessions. 280 281
Data quality metrics output from HAPPE 26 are described in Table 2 . Overall, data quality was high 282 across groups. 283 284
Parametric Analysis of the Absolute Power Spectral Density via FOOOF: 285
The location of the dominant peak (i.e. the peak with the greatest amplitude according to the FOOOF 286 algorithm) from both days are provided in Table 3 for both diagnostic groups. The dominant peak 287 occurred most frequently in the high alpha frequency band in the ASD group and low alpha 288 frequency band in the TD group. Across days, while the dominant peak stayed within the alpha band 289 (low and high alpha) mostly for the TD group, it stayed more broadly within the alpha-beta range in 290 the ASD group. 291 292
The estimated ICCs along with their bootstrap CIs for agreement of the six FOOOF parameters 293 derived from scalp-wide absolute PSD across the two experimental days are provided in Table 4 and day-level eigenfunctions for both diagnostic groups are shown in Figure 4 . We restrict our 325 discussion to the first two participant-level eigenfunctions, since combined they explain at least 60% 326 of the total variation in both groups. We include the first two day-level eigenfunctions for 327
completeness. The first participant-level eigenfunction for both groups displays that most variation in 328 the data is explained by the variation in the amplitude of the alpha peak (with maximal variation at 329 approximately 9 Hz), explaining similar total variation for the TD group (48% total variance 330 explained) and the ASD group (43% total variance explained). While the first subject-level 331 eigenfunction highlights variation in the amplitude of the largest peak, the second subject-level 332 eigenfunction highlights the variation in the frequency (location) of the largest peak, where TD 333 subjects show the largest variation in the low and high alpha band (24% total variance explained) and 334 ASD subjects show it in high alpha and beta relative power (18% variance explained). These findings 335 are consistent with the locations of the largest peak summarized in Table 3 across days for the two 336 groups. The fact that most of the variation is explained by the subject-level eigenfunctions (compared 337 to day-level eigenfunctions) supports our interpretation that most of the variation in the data is 338 variation across subjects and there is less variability within a subject across days. In addition, 339 participants maintain stable alpha peaks across experimental days, both in terms of peak frequency 340 and amplitude, consistent with the high ICCs reported in Table 4 physiologic changes in brain function over even short time windows. Identifying the parameters of 362 the EEG PSD that predominantly reflect trait, and separately those that predominantly reflect state, 363
will allow us to harness the wealth of information available from EEG recordings to develop a range 364 of biomarker types. This concept will be crucial for future studies as well. For example, monitoring 365 biomarkers will ideally remain relatively stable when treatment is not given, but show significant 366 change in response to targeted medical treatments. 367 368
The high test-retest reliability for EEG profiles is present in both TD and ASD groups, though 369 reliability was higher overall in the TD group (ICC 0.858) than the ASD group (ICC 0.807). This is 370 consistent with prior findings suggesting more variable neural activity in ASD compared to TD 8 and 371 may suggest that reliability, in addition to providing important information for biomarker 372 development, may in and of itself represent a potential biomarker. It is also possible that the lower 373 mean IQ in the ASD group (or, perhaps less likely, the higher mean age of the ASD group) 374 contributed to this difference Notably, higher neural variability may reflect (or provoke) more 375 variable emotional states during testing and more variable attention to the stimuli. Such factors are 376 often found to be clinically more variable among children with ASD. 377 378
Because the EEG PSD captures a range of parameters, it is important to consider specifically which 379 of those parameters have high short-term test-retest reliability (and thus offer potential for diagnostic 380 biomarker development), versus those with low short-term test-retest reliability (potentially reflecting 381 state, attention or perhaps noise). Our findings suggest that within the PSD, a relatively small set of 382 parameters are largely responsible for capturing the fingerprint-like quality of each individual's EEG. 383
FOOOF-based parameterization suggests that the alpha peak is particularly useful for individualizing 384 the power spectrum. Within the alpha peak, amplitude offers particular promise in this regard, 385
although the center frequency of the alpha peak also provides strong reliability within individuals. 386
Here, it is particularly notable that the frequency of alpha is often considered to be an individual trait 387 (changing only gradually with age and other factors but otherwise remaining relatively stable in most 388 cases), whereas alpha amplitude varies more with state. For example, the posterior dominant rhythm 389 tends to arise when the eyes are closed and is suppressed with eye opening; similarly, mu rhythms 390 over the motor cortex are suppressed by imagining or engaging in motor tasks. However, our 391 findings suggest that in the context of the environment in which EEGs were collected in the ABC-CT 392
(watching silent, screen-saver type videos), alpha amplitude remains quite stable -even more so, in 393 fact, than alpha frequency. 394 395
For the slope of the power spectrum as measured by FOOOF, ICC was good in the ASD group but 396 poor in the TD group. This suggests that slope (at least as measured by FOOOF with the parameters 397 used here) is unstable across sessions in the TD group. One possible explanation for this is that the 398 TD group may be more sensitive to session effects (e.g., due to habituation, adaptation, or learning) 399 than the ASD group, and this is being reflected in the slope. It is also possible that the older mean 400 age or lower mean IQ of the ASD group, rather than TD or ASD status per se, contributed to this 401
difference. An alternative explanation, supported by visual review of figure 2, is that there is very 402 little inter-individual variability in the PSD slope among the TD group; therefore, intra-individual 403 reliability (across days) cannot be much higher than inter-individual reliability (across participants) in 404 the TD group, because inter-individual reliability is high to begin with. In the ASD group, which may 405 This is a provisional file, not the final typeset article be more heterogeneous given the wide variety of genetic and other underlying factors that lead to 406 ASD, the inter-individual variability in slope is higher. In this case, similarly strong intra-individual 407 reliability in the TD and ASD groups would lead to a higher ICC in the ASD group, because of the 408 higher inter-individual variability in this group. 409 410 Importantly, the eigenfunctions which best characterized PSD shape exhibited the most variance at 411 relatively low frequencies (4-13hz), corresponding to overall offsets of the PSD and in the theta to 412 alpha range of the EEG, aligning with the parametric findings from FOOOF and highlighting the 413 import of this frequency range for characterizing stable inter-individual differences in brain activity. 414
This finding, combined with the tendency for variance to be explained by activity at slightly higher 415 frequencies in the ASD group (alpha-beta) than TD participants (predominantly alpha), may help to 416 explain the higher estimated ICC for offset and slope in the ASD group compared to TD. Because the 417 slope and offset terms in FOOOF are fit in the semilog-power space, these parameters are sensitive to 418 power dynamics at higher frequencies, which are often of lower magnitude. 419
For the nonparametric analyses of relative power, reliability in both groups improves with removal of 420 peripheral electrodes. Notably, because peripheral electrodes are closer than central electrodes to 421 many non-brain-based sources of detected activity (e.g., muscle and eye movements), they are often 422 more susceptible to artifact than more central electrodes. This suggests (perhaps reassuringly) that 423
brain-based findings, more so than artifact-based findings, remain stable across EEG sessions within 424 an individual. On the other hand, for the parametric analyses of absolute power, removal of 425 peripheral electrodes does not improve reliability. This may be because the majority of parameters 426 identified by FOOOF are not significantly affected by artifact in peripheral electrodes, raising the 427 possibility that FOOOF is less susceptible to artifact contamination than nonparametric analyses; this 428 may be further studied in future work. 429 430
Nonparametric analyses otherwise reveal complementary results to the parametric analyses. 431
Parametric analyses reveal excellent ICC for the amplitude of the largest alpha peak and good ICC 432
for the frequency of the largest alpha peak. This is true in both the ASD and TD groups, though the 433 ICC in the TD group is slightly higher than that in the ASD group for both of these parameters. 434 Similarly, nonparametric analyses highlight alpha amplitude as capturing the majority of variance for 435 the participant-level spectral densities, followed by alpha frequency. This is again true in both the 436 ASD and TD groups, though slightly more variance is captured by the first two eigenfunctions in the 437 TD as compared to the ASD group. Parametric functions also demonstrate that the dominant peak 438 tended to stay within the alpha band for the TD group, but tended to stay more broadly in the range 439 of both the alpha and beta bands for the ASD group. Similarly, nonparametric functions demonstrate 440 that the TD participants show the largest variation in the alpha band, whereas ASD participants show 441 variation in alpha but also extending into beta. 442 443
Nonparametric functional data analysis and FOOOF thus provide convergent and complementary 444 approaches to characterizing the PSD. Nonparametric functional data analysis characterizes PSD 445 shape accurately and with a small number of principle functions yielding high levels of reliability. 446
However, it relies on "learning" these functions based on the current data set and thus yields different 447 principle functions based on the input data, as we see here between our diagnostic groups. 448
Additionally, the resulting functions need careful interpretation to ground their relationship with 449 brain activity. Conversely, FOOOF estimates require more parameters to characterize the PSD. 450
However, fitting these parameters does not depend on the presence of other members of the data set, 451
(although the algorithm fitting settings can indirectly force information sharing among power 452 spectra). Also, the interpretation of FOOOF parameters is more direct. FOOOF explicitly attempts to 453 separate biophysically meaningful model parameters such as slope, offset, and oscillatory peaks. 454
455
It is important to note the specific questions that the present study is designed to answer. First, the 456 two testing days for each individual took place within approximately a week. While this suggests 457 promise for biomarker development in trials where EEG-based findings are expected to change over 458 very short periods of time, many pharmacological interventions aim to change neural activity over 459 the longer term (weeks, months, or longer). Examining test-retest stability of the EEG power 460 spectrum over these longer periods is part of ongoing analyses for the ABC-CT main study, which 461 will include 6 week and 6 month follow-up recordings. Additionally, here we report only test-retest 462 reliability for a single set of EEG measures, all based on the power spectrum. EEG is a rich source of 463 information beyond that which can be captured in the power spectrum, in both the time domain and 464 the frequency domain. As future studies suggest additional EEG-based measurements that may offer 465 promise for biomarker developments, the test-retest reliability of the measurements will need to be 466 explicitly evaluated. 467 468
Developing biomarkers for ASD and other neurodevelopmental disorders remains a high priority in 469 the field, given the potential benefits biomarkers offer for clinical trials, diagnostics, and monitoring. 4 470
While future studies will continue to assess which measurements (in EEG and otherwise) offer the 471 most promise as potential biomarkers of various types, our findings of high short-term test-retest 472 reliability of the EEG power spectral density are a crucial step towards ensuring that potential 473 biomarkers meet necessary criteria for validation. 474 This is a provisional file, not the final typeset article 518
